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Introduction

26
An essential aspect of water resource planning often involves the estimation of groundwater 27 recharge rates, here defined as the rate at which water arrives at the water table of an aquifer 28 following precipitation, interception, snow melt, evapotranspiration and percolation through the 29 unsaturated zone. In many cases, water loss during percolation through the unsaturated zone 30 below the reach of plant roots can be assumed negligible. Consequently, vertical percolation 31 beneath the reach of plant roots and groundwater recharge are often treated as being the same 32 (Quinn et al., 2012; Sorensen et al., 2014) . Hereafter, vertical percolation is referred to as a proxy 33 for groundwater recharge. Vertical percolation rates (VPR) can be estimated using a multitude 34 of different models, all of which require historic data of some form to enable appropriate model 35 parameter calibration.
36
Ideally, such models should be calibrated to observed groundwater recharge rates. However, 37 groundwater recharge data is difficult to observe directly. Some studies have sought to derive 38 recharge data by separating out base flow from river discharge rate records (Rutledge, 2007) . The 39 problem here is that base flow separation methods are, in themselves, ad hoc and unconstrained, 40 unless combined with some form of tracer based mass balance study (Lott and Stewart, 2016) .
41
Another method is to assume a specific yield for an unconfined aquifer and to infer recharge rates 42 situ lysimeter (von Freyberg et al., 2015) . The issue here is that such facilities are very expensive 48 to manage and very few facilities exist around the world.
49
Another related approach is to continuously monitor moisture content within a soil profile over 50 a long period of time (Ireson et al., 2006) . Providing that precipitation (net of interception) and 51 actual evapotranspiration (AE) are also monitored, soil moisture content (SMC) data can be used 52 to develop a VPR measurement by water balance. However, a problem is that AE is not often mea-53 sured. Instead, an estimate of potential evapotranspiration (PE) is generally obtained using weather 54 station data (incoming radiation, temperature, humidity, wind speed etc.) in conjunction with an 55 appropriate physics model (e.g. Allen et al., 1998) . Under such conditions, a direct estimate of 56 VPR is not possible by water balance, as the quantity of AE is unknown. Consequently, VPR must 57 instead be estimated by simulating soil-plant-water processes using an appropriate model, which 58 is conditioned to the observed SMC data.
59
Interestingly, previous modeling studies have focused on the ability of models to estimate SMC 60 data as opposed to the value of SMC data as a conditioner for estimating VPR (Ragab et al., 1997; 61 Sorensen et al., 2014) . In a recent study, Sorensen et al. (2014) presented SMC content data from 62 four instrumented sites from southern England. They then compared estimated SMC data from 63 four different uncalibrated recharge estimation methods. The authors conclude that, whilst each of 64 3 four models provided a "generally good agreement" between simulated and observed SMC, there Farm are grassland sites. Beche Park Wood and Grimsbury Wood are deciduous woodland sites.
114
All four sites are underlain by chalk geology, with water tables located at greater than 10 m depth.
115
The Chalk in this area is overlain by superficial clay-with-flints formation or Paleogene deposits 
124
The soil texture for the four sites according to UKSO is as follows: Warren Farm is described 125 as a "chalky silty loam". Highfield Farm is described as "loam to sand". Beche Park Wood is 126 described as "clay to clayey loam". Grimsbury Wood is described as "clay to silt". 
Vertical percolation rate (VPR) modeling
134
The soil moisture accounting procedure (SMAP) previously proposed by Mathias et al. (2015) 135 was used to simulate VPR at the four sites. The model requires daily net rainfall, PE data and soil 136 texture data to provide estimates of aggregated SMC and VPR.
137
The SMAP has been specifically designed to emulate Richards' equation in conjunction with An aspect not adequately discussed by Mathias et al. (2015) is the stability of the Euler explicit 145 time-stepping scheme used within the SMAP. Stability is ensured using a scheme very similar to 146 that presented in Appendices B and C of Mathias et al., (2016 The confidence limits for each VPR are constrained further by conditioning the SMAP to the 164 observed SMC data for each site. This is achieved as follows: The Nash and Sutcliffe (1970) 165 efficiency (NSE) criterion is determined for each realization whereby
and N is the number of data points, o i are the observed SMC data, m i are the modeled SMC data,
167
and o i is the mean of the observed SMC data. 
Conditioning using the UKSO soil texture data
174
As discussed earlier, soil texture of the surface cover for each of the four sites has been deter-175 mined at a 1 km scale using the UKSO soil map. UKSO provide a soil texture classification for 176 each location, which is defined in terms of a polygon on a soil texture ternary diagram (recall Fig.   177 1). As a comparison to conditioning VPR using SMC data, simulated VPR is also conditioned 178 using the UKSO soil texture data. This is achieved by redetermining the P10 and P90 VPR values 179 from the aforementioned full Monte Carlo simulation, whilst only retaining those soil textures 180 contained within the associated UKSO soil texture polygon. the SMAP is able to estimate the observed SMC data to a considerably high-level, regardless of 188 the soil texture assumed.
189
In contrast, the unconstrained Monte Carlo simulation (the green envelope) presented in Fig. 190 2b suggests that soil texture has a much more significant effect on VPR, with the difference be- there is a much wider variation in VPR estimate.
207
To gain further insight, Fig. 6 shows the location of all the simulations selected by the SMC 208 conditioning on a soil texture ternary diagram (the blue dots) for each of the four sites considered.
209
The polygons for the associated UKSO soil texture classifications for each of the sites are also 
of NSE from 0.7 to 0.9 are contoured because 0.9 represents the highest NSE values achieved and 226 less than 0.7 is arguably too poor to consider. The first thing to note is that NSE values greater than 227 0.7 are achieved at all four sites for all soil textures outside of the UKSO "sand" polygon. Values 228 of NSE within the UKSO "sand" polygon were mostly less than 0.7 for each of the four localities.
229
The next thing to note is that at Warren Farm, NSE was between 0.86 and 0.9 for all soil textures, 
Discussion
233
The most important observation that can be made from Figs. 2 to 5 is that SMC is virtually 234 insensitive to soil texture. On the other hand, vertical percolation rate exhibits a stronger depen-235 dence on soil texture. The above results include a range of different soil type scenarios; consider 236 the UKSO texture classification polygons in Fig. 6 . However, all the sites studied are situated 237 in Southern England, and therefore all experience a UK maritime climate. The extent to which 238 climate may be important on the above finding is discussed below.
239
From an earlier sensitivity analysis of the aforementioned SMAP, Mathias et al. (2015) found 240 that the ratio of AE to PE, averaged over 34 years, ranged from 40% to 94% over the entire soil 241 textural triangle (see their Fig. 5a ). However, for sand fraction less than 90% this variation reduced 242 to between just 80% and 94%. The main reason for this is that, in a UK maritime climate, there 243 is generally sufficient rainfall to satisfy evaporative demands. Re-inspection of the governing 244 equations presented by Mathias et al. (2015) reveals that the impact of soil texture on SMC is 245 12 largely through its control on AE. Because AE is virtually the same regardless of soil texture in 246 this context, very little variation of SMC is observed with changing soil texture.
247
It is interesting to note that there is marginally more sensitivity of SMC to soil texture at Beche 
255
The reduction in available rainfall due to canopy interception makes it harder for plant roots 256 to satisfy evaporative demands. Consequently, the system becomes more dependent on the soil 
260
The wooded sites can be thought of as a proxy for a slightly more arid climate. It follows that 261 SMC is expected to exhibit a much greater sensitivity to soil texture in semi-arid and arid climates, 262 as compared to UK maritime climates.
263
With regards to the stronger sensitivity of VPR to soil texture as compared to SMC, VPR is 264 calculated by the SMAP using a non-linear function of SMC (Mathias et al., 2015, Eq. (20) ).
265
It follows that any minor variability in SMC will naturally lead to a greater variability in VPR.
266
Conditioning the SMAP to the observed SMC data or the UKSO soil texture classifications leads 267 13 to a refining of the confidence limits for VPR. However, given the insensitivity of SMC to soil 268 texture, it does not follow that this conditioning leads to increased reliability with regards to VPR. is not capable of estimating these events due to the use of daily rainfall, which leads to an averaging 280 on rainfall intensities over a 24 hour period (Mathias et al., 2015) . woodland areas, providing a proxy for a slightly more arid climate.
287
In their earlier study, Sorensen et al. (2014) concluded that SMC was not a good constraint in 288 14 this respect. The basis for their argument was that they used four different models to estimate the In this article, the observed SMC data has been revisited using a single model structure, the 292 aforementioned SMAP, developed previously by Mathias et al. (2015) . Furthermore, rather than 293 just using the SMAP to estimate both SMC and VPR, the model is also calibrated directly to 294 the SMC data to look at how such data can be used to reduce uncertainty associated with VPR 295 estimate.
296
Monte Carlo simulation using the SMAP suggests that aggregated SMC is virtually insensitive 297 to soil texture. In contrast, uncertainty in soil texture can lead to significant variations in VPR 298 prediction, as high as 50% of P10 values in some cases. Conditioning the SMAP to the observed 299 SMC data or the UKSO soil texture classifications leads to a refining of the confidence limits for 300 VPR. However, given the insensitivity of aggregated SMC to soil texture, it does not follow that 301 this conditioning leads to increased reliability with regards to VPR.
302
Using a goodness of fit measure, the NSE criterion, it was possible to delineate regions on a 303 soil texture ternary diagram that provide better correspondence between the SMAP and observed 304 SMC at each of the four sites (recall Fig. 6 ). Interestingly, the delineated regions did not all 
373
The SMAP of concern involves solving the conservation problem (Mathias et al., 2015) 374
where 
where Δt [T] is the chosen time-step
380
Following Appendix C of Mathias et al., (2016) , it can be shown that stability of the above 381 scheme is ensured providing
Note that, according to the equations presented in Mathias et al., (2016) , q r , q in and q ro are 383 independent of Θ. The E a term is jointly controlled by Θ and the potential evapotranspiration, E p
It is found that the stability of the above scheme is largely insensitive to E a , providing which is the hydraulic conductivity function for unsaturated soils originally proposed by van
where Θ pu [L] is the soil moisture content capacity available for plant uptake. 
Note that Θ 0 only needs to be found once for each simulation because Θ 0 does not vary with time. 
where
with q d,trial being calculated directly from Eq. (A.5) with S e = S e,n .
402
The reader is referred to Mathias et al. (2015) for all other details concerning the SMAP. (1). Recall that NSE is used here to assess the ability of the models to simulate the observed soil moisture content data.
